Abstract-Pathway deregulation has been identified as a key driver of carcinogenesis, with proteins in signaling pathways serving as primary targets for drug development. Deregulation can be driven by a number of molecular events, including gene mutation, epigenetic changes in gene promoters, overexpression, and gene amplifications or deletions. We demonstrate a novel approach that identifies pathways of interest by integrating outlier analysis within and across molecular data types with gene set analysis. We use the results to seed the top-scoring pair algorithm to identify robust biomarkers associated with pathway deregulation. We demonstrate this methodology on pediatric acute myeloid leukemia (AML) data. We develop a biomarker in primary AML tumors, demonstrate robustness with an independent primary tumor data set, and show that the identified biomarkers also function well in relapsed pediatric AML tumors.
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T HE development of cancer is known to be driven by deregulation of several biological processes, referred to as the Hallmarks of Cancer [1] , and loss of control of each process is required for the development of lethal cancers in almost all cases. Regulation of most of these Hallmarks relies on proper functioning of cell signaling pathways [2] , which comprise sets of signaling proteins, primarily kinases and phosphatases, that work to transduce a signal through a cell by means of post-translational modifications of proteins. The deregulation of any single pathway can be driven by a mutation or other change in a single protein within the pathway [3] .
Outlier Gene Set Analysis (OGSA)
The dominance of pathways over genes in the etiology of cancer creates a problem for statistical analysis that focuses on determining global behaviors in cancers in general or types of cancer in particular. Since loss of regulation of a pathway is the critical event, but global measurements focus on genes and the proteins they encode, there is a mismatch in the statistic (based on data from genes) and the effect (based on pathway deregulation). This suggests a need for a pathway-based statistic for use in cancer studies.
The first issue to resolve is that any given gene in a subtype of cancer is likely to be affected in only a small fraction of individuals, since there are many potential genes that may drive pathway deregulation. For example, the well-studied RAS-RAF pathway may become deregulated through overexpression of the EGFR receptor, mutation of the RAS, RAF, or MAPK genes, or mutation or overexpression of the MYC transcriptional regulator. Any individual is likely to have only one such change, and no single change is likely to rise above $50 percent of cases, with most lying between 5 and 15 percent. This limits the value of standard statistical tests, such as t-tests or ANOVA analyses.
Outlier analysis, such as cancer outlier profile analysis [4] , provides a method to identify those genes that are deregulated in only a subset of individuals. While useful, this alone will not provide the required identification of deregulated pathways, although it should provide an indication of significance of the individual pathway members. With gene set analysis (GSA) we can integrate these estimates of significance to provide an overall estimate of pathway significance on a global scale, which we refer to as outlier gene set analysis. This provides a global estimate of pathway deregulation in cancer subtypes.
Molecular Events Affecting Gene Function
The change in gene function that leads to pathway deregulation may arise in multiple different ways. The most studied change is a mutation that leads to either loss or gain of function, causing a pathway to activate in the absence of signal. However, overexpression of pathway members, amplification or loss of gene loci, and epigenetic silencing through methylation of promoters or the loss of such silencing have all been shown to play roles in pathway deregulation [5] , [6] , [7] .
For each type of molecular event, a different genomewide measurement methodology is applied, providing a global view of the data across tumors and normal samples. Integration of these data is problematic, as each type has its own distribution and errors. We show, however, that outlier analysis provides a reliable integration approach, since outliers for each data type can be identified within the measurements associated with that type and then integrated across the different types by simply summing counts, so long as the desired result is a ranking of genes, as it is here, and not an estimate of significance. Significance can be estimated by generation of an empirical p-value through permutation tests [8] , if desired, although with high computational costs for large data sets.
Pathway-Based Top Scoring Pairs (TSP)
The fundamental measurements we make clinically remain linked to genes, not pathways. This complicates the development of diagnostic tests for the drivers in cancer, the pathways. In general, we visualize the deregulation of the pathway through heatmaps and other data-driven visualization tools. Unfortunately, these provide poor clinical utility as the results change with addition of data, making them inappropriate for clinical tests that must deduce a probability from an isolated measurement, and they have been shown to be strongly platform dependent, increasing the potential cost of changing platforms and reducing the opportunity for innovation.
In order to create a method that could identify robust potential biomarkers, the multigene signature generated from discriminant analysis can be replaced by pairs of genes that change their relative level of expression [9] , known as a top scoring pair [10] . In TSP, the statistic of interest is how well the measurements on a pair of genes distinguish two classes, relying on the inversion of the values of measurements between classes. This provides a normalization-independent approach that makes switching measurement technologies far more likely to succeed [11] . However, a limitation of TSP is that it searches through all possible pairs of genes, introducing the potential of chance identification of pairs that are not robust and fail to validate. Here we build a pathway TSP set by limiting the domain for generating TSPs to pathways of interest in the set of statistically significant pathways generated by OGSA. In this way, we focus the methodology on biologically-motivated gene sets, more suitable for clinical development than for unbiased discovery.
Pediatric Acute Myeloid Leukemia (AML) and the TARGET Initiative
Acute Myeloid Leukemia is a cancer of the blood affecting roughly 15; 000 individuals per year in the USA, and childhood patients show $60 percent five year survival. However, the outcomes are highly dependent on karyotypedefined subtype [12] , and initiatives to improve care for pediatric patients have led to broad molecular studies through the NCI therapeutically applicable research to generate effective treatments (TARGET) initiative.
Pathway Analysis
There have been a number of methodologies developed for identifying deregulated pathways, particularly in cancer. These methods primarily rely on interactome and gene expression data. Liu et al. built networks based on curated pathway information and interactome data and then identified the most deregulated pathways from standardized expression data [13] . From the pathways that best distinguished cancer and normal samples, they built biomarkers. Liu et al. introduced GIENA, which builds a gene-gene metric based on a four dimensional vector describing the interaction of each pair of genes. Deregulated pathways are then identified from curated pathway sets using a Z-statistic based on the gene vectors with significance determined by permutation testing [14] . Similarly, our own previous work applied Bayesian Decomposition, a non-negative matrix factorization algorithm, to generate Z-scores for transcriptional regulators from expression data and demonstrated an ability to detect pathway activity changes in response to targeted therapy [15] . Kim et al. used eQTL analysis on molecular interaction data to identify changes in networks [16] . Ulitsky et al. introduced DEGAS, which coupled casecontrol expression analysis to network analysis to identify deregulated subnetworks [17] . This method is similar to what we present here in that it aims to create biomarkers for cancer related to specific signaling aberrations. Our work relies on standard outlier tests for identifying the statistically significant outliers, limits the tests only to curated pathways not subnetworks, and relies on TSP in order to generate robust biomarkers. However, the spirit of the two methods is quite similar.
Outline of Paper
In this paper, we describe the methodology in Sections 2.1, 2.2 and 2.3 together with the analysis of the AML data in Sections 2.4, 2.5 and 2.6. In Section 3, we show that OGSA of TARGET promoter methylation data identified the Hedgehog signaling pathway as highly epigenetically deregulated in pediatric AML. Using only genes associated with this pathway for the development of a set of TSPs, we demonstrate that we obtained a robust signature of pathway deregulation that was significant in an independent data set and also significant in samples from individuals whose cancer relapsed. Importantly, this suggests a novel therapeutic strategy in these patients and provides a potential treatment biomarker for this therapy. In Section 4, we show how to integrate data from different molecular domains using OGSA on copy number, methylation, and expression data simultaneously. We also provide visualization of tumor-specific outliers, demonstrating how the method can potentially provide personalized identification of targets for treatment.
METHODS
Overall we adopted a number of key methodologies developed for identifying outlier genes and generating robust TSPs. We integrated these methods into a pathway-centric statistical approach that leverages outlier statistics to generate pathway statistics through OGSA and generates TSPs related to key pathways. A flowchart for the method is shown in Fig. 1 and the specifics for each step are outlined below, beginning with the methodologies shown in rounded rectangles in the figure.
Outlier Statistics and Counts
The standard method employed in cancer research for outlier analysis is cancer outlier profile analysis [4] , which generates statistics by comparing the outlier distributions to an empirical null generated by permutation of class labels. The method has been modified slightly by Tibshirani and Hastie [18] , and we encoded their method as an option within our OGSA method.
However, both these methods have limitations when counting outliers. It is often the case that the distribution of medians and median absolute deviations (MADs) permits outliers to be called in cases where the deviations are insignificant biologically. As such, we have also implemented a rank sum outlier approach, modified from Ghosh [19] , where we set minimum change levels for the calling of an outlier. This eliminated many outliers where the change was not biologically meaningful (e.g., methylation percent change of less than two percent). Such a change would be difficult to implement within the other outlier methods.
For the Tibshirani and Hastie outlier method, the measured values X for each gene were transformed to rescale all genes to the same distribution bỹ
for all genes i in all samples j, where the MAD is calculated only over the controls n 2 N (i.e., normal samples). These values were then used to determine outliers in the cases
wherem is the indicator for an outlier in the right-tail (top) or left-tail (bottom). The superscripts give the quartile and IQR represents the interquartile range. However, due to rescaling, there is no easy way to handle cases where the outliers are mathematically significant but arise from too small a difference to have an effect biologically. To resolve this issue, we used the empirical distribution of measured values of the same gene for control samples following a ranksum methodology. For gene i, we calculated the right-tail and left-tail empiricial p-values aŝ
IðX it ðX in þ X 0 ÞÞ (4)
IðX it ! ðX in À X 0 ÞÞ;
respectively, where X 0 provides a biologically motivated minimum significant difference and Ið:Þ is the indicator function that equals 1 when the comparison is true and 0 when false. We indexed the control samples with n and the case samples by t with N control samples and T case samples. For both cases, we generated a G Â T matrix of empiricalp-values for gene i 2 G as an outlier in case sample t 2 T . Note that here an empirical p-value can be zero, so this method should not be assumed to give meaningful p-values for uses beyond counting outliers. For this study we set a data-type specific minimum difference of 1:0 for log2 expression, 0:1 for fraction methylation (i.e., b values), and 0:5 for copy number variation (CNV). We investigated values for these of 0-4, 0-0:75, and 0-2:0, and we found only the extremes created significant differences in estimation of signaling activity changes.
To generate rank statistics, we converted thep-values to an indicator of significance by testing them against a significance level a ¼ 0:05 bŷ
where 1 indicates significant at level a and 0 indicates insignificant. A flowchart of the analysis methods for performing outlier analysis on single or integrated data types, obtaining gene ranks, performing gene set analysis to identify significant pathways, and generating a biomarker using top-scoring pair for a significant pathway.
Outlier Gene Set Analysis and Tumor Specific Outlier Visualization
Them it values are indicators of specific outliers. To generate ranks on genes for gene set analysis, we then performed summation across all cases for each gene as
where R i gives the rank for gene i and the first sum can be over an individual molecular data type d 2 D or over all D types (e.g., expression, methylation, and copy number). The rank statistic was the sum of the indicator across all case samples, effectively ranking genes from T to 0 for a single data type and DT to 0 for D data types.
The ranking of the genes in this manner assumes that there are an equal number of measurements on each gene, so that there is no bias introduced by missing data, where an outlier has no possibility of being detected in a sample for a gene. As such, data preprocessing requires the removal of either samples or genes to make sure that for each gene the same number of tumor samples are present across all platforms. To remove more subtle potential bias, we required that the genes are also measured in the same set of normal samples.
In contrast, for the case where not all samples were measured for all molecular types, it is possible to retain all measurements. The number of maximum calls is then
where T d now indicates the number of tumor samples for data type d. While this retains the validity of ranking of the genes, it can introduce bias towards a specific molecular type. A decision on whether to forego some samples in favor of less bias is dependent on the specific study. In this work, we had complete measurements in all diagnostic samples for each gene, so our integration automatically satisfied eq. (7). We analyzed these rank statistics for promoter methylation and for the integrated data using a Wilcoxon gene set test as provided in the limma R package [20] , comparing the rank of the genes in a gene set to genes outside the set. Gene sets were defined by the KEGG and BioCarta pathways [21] and final p-value estimates on the pathways were corrected for multiple testing using the Bonferroni method.
One advantage to the identification of tumor-specific outlier calls,m d it , is that the potential causative molecular changes can be identified for a deregulated pathway within an individual tumor. Sincem d it provides all outlier calls in all data types, the specific aberrations present in each pathway can be tabulated and visualized. We utilized the heatmap.2 function in the R package gplots to visualize a binary encoding of the outliers. For each gene in each tumor, we encoded the outliers by setting the three bits for visualization v as
where cnv indicates the CNV indicator, meth the methylation indicator, and expr the expression indicator. A heatmap was then generated for all genes g 2 G for the gene set defined by the pathway G, setting the least significant bit to red, the next bit to green, and the most significant bit to blue. To guarantee that all visualizations maintained the same color palette, we introduced a range bar at the bottom that included all possible values (i.e., 0-7) to overcome automatic rescaling of the heatmap in R. This visualization schema can be easily extended to more bits of information as additional measurements (e.g., mutation) become available.
Pathway-Based Top Scoring Pairs
The OGSA method provides pathways that are significantly different between cases and controls, but it does not provide a suitable methodology for the development of a test for a new sample. In order to generate such a test, we applied OGSA to highlight pathways of interest. We refined significant pathways by inspection, focusing on suitability for drug targeting or removal of pathways either universally modified or already addressed in treatment. As our goal in this study was to identify potential new treatable deregulated pathways in AML, our criteria for a pathway of interest were those significant in OGSA with approved therapeutics and not previously associated with AML. Other criteria would apply in different cases, naturally. We then used only the genes associated with the refined pathway list in TSP (e.g., those genes that define the gene set for this pathway in KEGG). The choice of a TSP reduces to maximization of prediction in a Fisher two-way table, such that Table 1 provides the best possible predictive value for the measured levels G, here promoter methylation, of two genes i and j, where the relative levels of these genes determines the result of the test, with G i < G j predicting a case and the inverse a control. In many applications, the probability of G i ¼ G j is virtually zero, making the need to break the tie moot. However, for cases where G i ¼ G j is a probable outcome (i.e., scoring in pathology reports), ties can be broken by changing G i > G j to G i ! G j [22] .
The TSP is determined by finding the pair of genes that maximizes
where N T P is the number of true positives, N F N is the number of false negatives, N F P is the number of false positives, and N T N is the number of true negatives. The total number of measurements is N, divided into N case cases (here remission samples) and N control controls (here diagnostic or relapse samples). As TSP does not always provide ideal separation due to the inherent complexity of the underlying biology, the extension to kTSP, where multiple TSPs vote on case or control status, is natural [9] .
Here we used kTSP, as implemented in the R ktspair package [23] . We generated five TSPs in our training set for voting on the status of the samples.
Data and Preprocessing
We obtained data from the NCI TARGET initiative for pediatric AML. The data comprised 439 different tissue samples including diagnostic samples, remission samples from the same patients after completion of the initial treatment to attain remission, and relapse samples from some patients with a recurrence of AML. Measurements of mRNA levels (expression)
only. All mapping to genes was done using build 18 (hg18) of the human genome using files from the UCSC Genome Browser [24] .
Data types were preprocessed separately. Expression data was analyzed using the oligo package in R set to the core probes to get gene level summaries [25] , with RMA applied for normalization [26] . Gene level expression estimates were obtained for 20; 165 named genes.
For methylation, b values representing the fraction of methylation were generated from U and M probe estimates in the Illumina FinalReport file using R [23] . Methylation estimates showing low variance across all samples were removed, leaving 19;999 promoter methylation estimates associated with 11;871 genes. Association between gene and probe was done by association of the probe with the gene immediately downstream of the probe.
For CNV, the arrays were processed using the crlmm package in R [27] . CNV estimates were provided for all nonsynonymous probes, and the gene level copy number was estimated from the average value for all probes located within the gene transcription start and end sites. CNV estimates were obtained for 14;493 named genes.
The integrated data set was constructed by combining gene level summaries. As there were genes with multiple methylation probes, we retained that probe that showed the highest variance across samples for a gene. We then eliminated all genes that were not present in each data type. The final data set comprised mRNA log2 expression estimates, fractional methylation estimates on the highest variance probe per gene, and CNV estimates for genes measured on every platform, which provided 11;158 genes.
Analysis of TARGET Methylation Data
We applied the OGSA and TSP methods to methylation data from the NCI TARGET initiative. From the methylation data of 192 diagnostic samples, 192 remission samples, and 46 relapse samples, a training set of diagnostic and remission samples was generated from 96 patients by choosing roughly 50 percent of the samples of each karyotype in the data set. This data set comprised 96 diagnostic samples and 96 remission samples from 96 patients, for a total of 192 methylation arrays. This karyotype-balanced set was chosen to avoid biasing the training set to any particular diagnostic subtype, as different karyotypes have different outcomes in AML [12] . Samples from the remaining 96 patients formed the test set (192 methylation arrays), and an additional set of remission and relapse samples was generated based on the 46 relapse samples and their matching remission samples (92 arrays, with remission samples overlapping with the previous sets).
The OGSA method was applied to the training set and significant pathways were determined. For genes with multiple associated methylation probes, the probe with the highest mean methylation was retained in this analysis of methylation data only. Ranksum outlier analysis with an offset of X 0 ¼ 0:1 was used to define outliers, and genes were ranked by the number of outliers. Significant pathways were determined by a Wilcoxon gene set test, and one pathway of interest was chosen based on its targetability. For this study, review of pathways was performed manually in light of the known biology of pediatric AML. This process could be automated in the future if databases that integrated pathway, disease, therapeutic, and clinical protocol information were available, as pathways significant in OGSA could be screened to determine if treatment for a pathway in a disease was already standard-of-care or in a clinical trial and if a therapeutic targeting a pathway member was already approved.
Five TSPs were generated from the probes associated with the genes assigned to the pathway using the ktspair package applied to the training data set. These pairs were then used to vote on each sample, and the cutoff that maximized the predictive power of the pairs was used. These same pairs and cutoff were then applied to the test data and to the relapse-remission data.
The targetable pathway was also visualized using a heatmap of the genes in the pathway. This permitted visual comparison of the separation of diagnostic samples from remission samples, as well as the separation of relapse and remission samples. To test whether the pathway associated with karyotype, separation of karyotype on the heatmap was also investigated; however, there was no correlation (heatmap not shown).
Analysis of Integrated TARGET Data
As no remission data were available for mRNA or CNV molecular data types, we performed a different analysis on the integrated data. Using the training data samples, we identified the three year event status of all individuals and separated diagnostic sample data into event versus no event classes for outlier analysis. The data set comprised 72 diagnostic samples, with 37 classified as case ¼ event and 35 as control ¼ no event.
We performed outlier analysis using the three methods: Tibshirani-Hastie, Ranksum, and Corrected Ranksum with offsets X 0 ¼ f1:0; 0:1; 0:5g for expression, methylation, and CNV respectively. These offsets were motivated by typical limits applied in the field, as tissue heterogeneity often leads to compression of CNV signal, and methylation changes less than 10 percent are typically viewed as insignificant. We looked at outlier counts generated by the three methods, and we compared the genes with high numbers of outliers and the pathways deemed significant by the different methods using the VennDiagram package in R.
However, as the estimation ofm could depend strongly on the offsets X 0 , we also explored the effect of varying X 0 in estimation of deregulated signaling and ranking of genes. We varied the thresholds as with a total of 30 different combinations tested. We looked at the correlation structure in the results in terms of outlier calls across genes and estimation of significant pathways.
Asm d it provides an estimate of a specific molecular type of aberration (i.e., outlier) for each gene and each case sample, we also visualized one significant pathway from our analysis. In addition, to show that the uncorrected methods tend to call too many outliers, we visualized one pathway that was deemed insignificant with similar p-values in all methods.
METHYLATION RESULTS
We applied our methods to the TARGET AML methylation data comprising 430 methylation samples as discussed in the methods section. We analyzed the three separate data sets, training, test, relapse, as follows. We first performed outlier analysis on the training data, ranking all genes based on their outliers according to the sum across all diagnosis samples (eq. (7) with D ¼ 1). These gene ranks were used to generate a set of significant pathways from the KEGG and Biocarta pathways using OGSA. We focused on one pathways from this set, the KEGG Hedgehog signaling pathway, for reasons detailed below. Using genes from the Hedgehog pathway, we created heatmaps of the training, test, and relapse data to visualize the separation of samples. Using only the training data, we then created five TSPs from these pathways. We tested these TSPs on the test and relapse data, using an assumption that a vote for a diagnostic sample was equivalent to a vote for a relapse sample in the test.
Significant Pathways from OGSA
Outlier analysis according to eq. (6) with an offset X 0 ¼ 0:1 provided outlier ranks for all genes. The right-tail and lefttail rank lists were used in OGSA separately. The results of OGSA analysis of the KEGG and Biocarta pathway gene sets from the MSigDB database [28] are presented in Table 2 . Many pathways in the right-tail analysis are seen in most GSA analyses of cancer data, including those involving focal adhesion and extracellular matrix (ECM) receptor signaling (KEGG ECM receptor interaction, cell adhesion molecules, focal adhesion), pathways related to cancer (KEGG basal cell carcinoma, pathways in cancer), and sets that appear significant in cancer studies due to the presence of genes related to integrin signaling and MAPK pathway activity (KEGG dilated cardiomyopathy and arrhythmic right ventricular cardiomyopathy). These processes are deregulated in most cancers and do not provide novel insights into AML.
The pathways in the left-tail analysis are primarily involved in metabolism or immune responses. These pathways, in general, do not provide useful information for treatment and are generally hard to interpret in terms of cancer biology. Note that KEGG neuroactive ligand receptor interaction is significant in the left-tail analysis and the right-tail analysis, which indicates that methylation changes in the promoters of genes in this pathway include both hyper-and hypo-methylation.
The KEGG Hedgehog signaling pathway in the righttail analysis attracted our attention, because Hedgehog signaling is known to be a driver of proliferation and anti-apoptotic behavior, is involved in multiple cancers, is not typically associated with AML, and provides a potential target for treatment.
To visualize the Hedgehog pathway methylation, we generated heatmaps of the samples, looking for separation of diagnostic, remission, and relapse samples (see Fig. 2 ). Hierarchical clustering demonstrated good separation of diagnostic samples (white bars on top) and remission samples (dark bars on top). In addition, good separation was also seen between matched relapse (lighter bars at top) and remission samples (see Fig. 2c ).
In addition, it should be noted that the KEGG basal cell carcinoma pathway may also be reflecting changes in Hedgehog gene methylation, as basal cell carcinoma is often driven by Hedgehog signaling and Hedgehog inhibitors are used in treatment of advanced cases [29] . In adult AML, previous studies demonstrated hypermethylation of some members of the WNT signaling pathway [30] , which interacts with the Hedgehog pathway.
kTSP Classifiers for the Hedgehog Pathway
In order to create a robust methylation signature for the Hedgehog pathway, we applied the kTSP algorithm to a subset of the training data limited to promoter methylation levels of genes in the KEGG Hedgehog signaling pathway. We identified a set of five pairs that discriminate the diagnostic samples from the remission bone marrow samples (see Fig. 3 , where an X indicates a diagnostic sample and a filled square a remission sample). As seen in Table 3 , this provided excellent prediction on the training set, with p < 2:2 Â 10 À16 and an odds ratio of 72 with a 95 percent confidence interval of ½26; 236.
Applying this signature to the test data resulted in excellent prediction of diagnostic versus remission samples, with p < 2:2 Â 10 À16 , and an odds ratio of 36 with a 95 percent confidence interval of ½16; 92. Interestingly, the application of the same signature to the relapse data set was also predictive, now of relapse versus remission, with p ¼ 1:4 Â 10 À11 , and an odds ratio of 30 with a 95 percent confidence interval of ½9; 119. This suggests that relapse in pediatric AML may be partially driven by recurrence of methylation changes in Fig. 2 . Heatmaps of the methylation levels for promoters of genes in the KEGG Hedgehog pathway across patients in (a) the training data, (b) the test data, and (c) the relapse data. In the top bars, dark indicates a remission sample, white a diagnostic sample, and light a relapse sample. Genes are in rows and patients in columns. Yellow (light color) indicates high methylation (b ! 1) and red (dark color) low methylation (b ! 0). Fig. 3 . The five top scoring pairs used to generate Table 3 . X indicates a diagnostic sample and a filled square a remission sample. the promoters of Hedgehog signaling. Importantly, all tests show excellent positive predictive values (93, 86, and 86 percent respectively), as is desirable for a test that could define treatment, since the vast majority of positive tests are related to positive pathway status.
INTEGRATED DATA ANALYSIS
We also integrated the three data types available, expression, methylation, and copy number variation, for the 11,158 genes that were measured on all platforms. When multiple estimates were available for a single gene on any platform, we used the measurement showing the maximum variance across samples.
Outlier Counts and Gene Ranks
The integration required that biological behavior be followed, so right-tail outliers, representing overexpression and gene amplification in CNV, were summed with lefttail outliers in methylation, representing hypomethylation, as shown in Fig. 4 . The method (here corrected rank sum) looked for genes that showed variation in tumors (red bars on right half of bar plots) that was outside the range in normals (blue bars on left half of bar plots) with minimum offsets of X 0 ¼ f1:0; 0:1; 0:5g. For the top ranked gene NPAS2, the methylation changes determined 10 of the 11 outliers identified, with these outliers lying in the left edge of the red bars. Since the limit on expression is at least log2 of 1 and a ¼ 0:05, only a single expression outlier was called (red bar on right of NPAS Expr bar plot). As Figs. 5a and 5b demonstrate, when the limits were removed, the outlier calls included very small methylation changes that are unlikely to play a role biologically ($0:05 for the Tibshirani-Hastie method and $0:02 for the rank sum method). Looking at the range of values in Fig. 5c compared to these shows the effect of the limits, although it is also clear that the Tibshirani and Hastie method did perform somewhat better at finding outliers that appear strongly different from normals (Fig. 5a ) than the uncorrected rank method (Fig. 5b) .
The effect of applying limits to the rank outliers had two effects. First, it reduced the highest count of outliers for any gene (e.g., in Fig. 5 the total number of outliers across all three data types in the highest ranked gene were 22, 31, and 11, for the Tibshirani-Hastie method, rank method, and corrected rank method, respectively). Second, it also reduced the number of genes with a relatively high number of outliers, as shown in Fig. 6 , where the number of genes with an outlier count greater than half the maximum in the method are compared for the three methods.
When carried forward to OGSA, the impact of the counting was very significant in the case of hypermethylation outliers integrated with underexpression and reduced copy number. In this case, both the rank sum method and the Tibshirani method identified 1 and 4 deregulated pathways at a Bonferroni corrected p-value of 0.05 respectively. The corrected rank sum method identified 12 pathways (see Table 4 ), including eight KEGG pathways clearly associated with cancer (focal adhesion, melanogenesis, pathways in cancer, regulation of the actin cytoskeleton, myeloid leukemia, glioma, melanoma, non-small cell lung cancer, and thyroid cancer). Only one of four pathways from the Tibshirani method (KEGG renal cell carcinoma) and none from the rank sum method were obviously associated with cancer, although cancer is complex and an association with other biological processes could well be valid. For instance, deregulation of the spliceosome, the top hit for the Tibshirani-Hastie method, is often associated with myeloid leukemias [31] . 
Robustness Analysis
In order to test the effect of different offset values X 0 on the corrected ranksum outlier method, we performed outlier analysis on 30 variations of offsets and looked at correlations between outlier counts and pathway pvalues. As shown in Fig. 7 , the correlations are quite high for almost all settings where X As shown in the right hand panel in Fig. 7 , the correlations were even stronger when the p-value estimates on pathways were the final goal. While high values of offsets again lowered correlations, excluding offsets of 0 or unreasonably high values led to strong correlations in estimates of pathway significance.
Tumor Specific Targets
When them d it indicators are generated, they provide an indication of those specific genes that are potential targets for intervention, as well as the way in which those genes are aberrant relative to control samples. For instance, ifm meth MAGEA10;Pat25 ¼ 1 in an analysis looking at left-tail outliers, then Patient 25 is predicted to have promoter hypomethylation of the MAGEA10 oncogene. Such analysis output provides information useful for understanding specific tumor etiology and, in cases of proteins with available drug interventions, potential information to aid treatment decisions.
Since pathways are the key deregulated biological entity in cancer, we visualized the outliers on a pathway specific basis. In Fig. 8 , the corrected ranksum outlier analysis is summarized for one of the significant pathways in the overexpression (right-tail), hypomethylation (left-tail), and CNV amplification (right-tail) integrated analysis, the KEGG extracellular matrix receptor interaction pathway. In this visualization with the bits set as outlined in eq. (9), a red element represents overexpression of the gene (column) in the tumor (row), green represents promoter hypomethylation, and blue represents increased copy number. RGB color mixing then permits visualization of cases where there are multiple outliers, such as the yellow elements indicating hypomethylation and overexpression.
The visualizations also permit easy comparison of the effects of the different outlier calling methods. Since the key statistic carried forward into gene set analysis is the rank of the gene in terms of outliers, overcalling of outliers may affect interpretation useful for patient-specific use much more dramatically than pathway calling. To demonstrate this point, we show in Fig. 9 a pathway The genes with a number of outliers greater than half the maximum is compared for each method in the case of (a) hypermethylation outliers with underexpression and copy number loss and (b) hypomethylation outlier with overexpression and copy number gain.
TABLE 4 Significant Pathways in Integrated Data
that was deemed highly insignificant in all three outlier count methods, the BioCarta AKAP95 pathway. In this case, the number and rank of outliers within the pathway must have been comparable to those outside the pathway to generate a very poor Wilcoxon p-value. However, as is clear from Figs. 9b and 9c , the uncorrected Ranksum method and the Tibshirani-Hastie method generated a large number of outlier calls relative to the corrected Ranksum shown in Fig. 9a . While these may technically be outliers, it is unlikely that this many calls would represent true biologically deregulation useful for interpreting cancer biology or medical intervention.
CONCLUSION
The coupling of outlier statistics, gene set analysis, and top scoring pair methods provides a solid methodology to identify deregulated pathways in cancer and to define a robust signature of their activity. We have shown that the method determines a robust marker, here comprising five TSPs, that validates in a completely novel data set, albeit one measured on the same platform at the same institution. Intriguingly, the marker does predict activity in the pathway in the relapse samples, suggesting both robustness of the marker and, potentially, that relapsed pediatric AML is driven partially by recovery of aberrant Hedgehog signaling. However, this suggestion is tempered by the low numbers and the known mismatch in karyotypes between primary and recurrent AML, even though there was no correlation of Hedgehog pathway methylation with karyotype in primary tumors.
AML, specifically, and cancer in general, is difficult to treat effectively in most cases. Natural heterogeneity in response to treatment likely arises from both differences in molecular tumor characteristics and differences in systemic responses of individual patients [32] . Given this complexity, methods to define robust markers of potentially targetable pathways are extremely valuable to guiding treatment decisions, since the absence of cancer driver pathway activity should contraindicate targeted treatments for that pathway. The positive predictive values (PPVs) from this test are therefore particularly promising, since a positive test is strongly indicative of pathway activity.
While at a very early stage, the integration of data through outlier analysis shows great promise. The advantage of calling outliers within the individual data type reduces the complexity of analysis in the case where different data types have vastly different distributions and require different error models. For instance, methylation data are distributed as a beta function, expression data are typically treated as lognormal, copy number variation data tend to be sharply peaked with long tails, and mutation data may best be modeled as Poisson. Attempts to treat these data within a single mathematical framework are fraught with mapping issues, while summing outliers across different data types is trivially simple. Many questions remain as to the best way to identify outliers and to handle sums across samples. For instance, it would be useful to consider whether to count multiple hits to a single gene (e.g., hypermethylation and expression loss) as two outliers, as done here, or to limit the counting to a single outlier per gene. In any case, it appears that incorporating biological plausibility will be very important.
There remains a great need for more powerful, guided computational methods in cancer research and treatment. The complexity of the biological systems and a massive curse-of-dimensionality issue driven by small sample size coupled to genome-wide measurements of multiple molecular species present a formidable challenge requiring statistical modeling and novel computational learning techniques. It is likely the only viable approach will be to accept higher bias to reduce variance, and we have presented one such approach, where we limit our biomarker search based on statistically significant but knowledge-refined pathways.
SOFTWARE
R code for all analysis and visualization tools presented here will be available through Bioconductor when the package is approved. Software is also available by request. Please email ochsm@tcnj.edu with OGSA in the subject line to request code.
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